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Abstract
Resting-state functional magnetic resonance imaging (fMRI) studies are criticized for their lack
of control over cognitive states of individuals during observation, which may lead to increased
variability in estimates of functional connectivity (FC). Engaging movies have been used in an
attempt to synchronize the cognitive states of individuals during the scan, potentially reducing
intersubject variability in connectivity estimates. The objective of this study was to investigate
the differences in intersubject variability of FC between rest and movie conditions in a healthy
cohort. The results demonstrate widespread reductions of intersubject variability of FC in the
movie condition compared to the resting-state condition. These differences were pronounced
in regions of the frontal, auditory, and visual cortex, suggesting effects on sensory areas as
well as areas responsible for higher-order functioning. Because of its potential as a biomarker,
less variable normative estimates of FC are beneficial for developing more sensitive tests for
clinical use.
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Summary for Lay Audience
Functional magnetic resonance imaging (fMRI) is a technique used to measure brain activity.
Activity can be measured in response to a task or when the subject is in a resting state, that
is, when there is no direct stimulus applied. Resting-state scanning is typically performed to
investigate the interregional relationships between spatially disparate areas of the brain, that
identify networks of regions which appear to be working together. The dysregulation of these
networks has been implicated in certain disease states, such as Alzheimer’s, depression, and
schizophrenia. This provides an opportunity for functional connectivity to potentially be used
as a diagnostic or prognostic tool for these diseases. However, these tests have yet to be applied
in the clinic due to a lack of sensitivity in detecting disease states.
A possible explanation for its lack of clinical success may be the absence of behavioural
constraints placed on subjects in resting-state scanning, allowing them to drift into a variety of
different states of mind. These states are likely inconsistent across subjects during the scan and
can therefore cause increases in variability of the measures. Increased variability may cause the
networks in healthy people to look more different than they are, making it difficult to identify
features separating them from individuals with disease.
However, a recently popularized technique has attempted to use movies to synchronize the
states of individuals during the scan. Using movies, researchers have shown that brain activity
is synchronized across subjects based on the time locked events of the movie. In this study,
we investigated the effects of movie watching on variability of the interregional relationships,
known as functional connectivity, and compared it to what is observed in the resting state. We
hypothesized that movie watching would result in less variable networks across individuals
than the resting state because of the mental constraints placed upon individuals during moviewatching.
The results of the study demonstrated that movie-watching led to less variable functional
connectivity compared to resting-state scanning. Future work is needed to investigate whether
the reductions in variability lead to more sensitive tests for clinical abnormalities.
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Chapter 1
Introduction
1.1

Motivation

Resting-state functional magnetic resonance imaging (fMRI) has been studied extensively for
the past two decades. It has facilitated a number of discoveries related to brain function in the
absence of external stimulation and has broadened our understanding of functional brain organization. Metrics derived from the study of subjects in resting-state have even shown promise
as potential biomarkers because of their relative stability over time. However, the resting-state
paradigm has faced criticism throughout its existence, predominantly because of its limited
control over the cognitive states of individuals during the scan [1]. With no behavioural constraints applied during the scan, the only interpretations that can be conclusively made from
results in resting-state studies are based on physiology, with cognitive results being mostly
speculative. Despite the criticism, no techniques up to this point have been as widely adopted
to assess global functional connectivity as the resting-state paradigm.
A recently developed paradigm has attempted to use movies to synchronize the cognitive
states of individuals during scans, but little work has been done to investigate its effects on
metrics of connectivity. This thesis will examine the history of the resting-state paradigm, its
relation to the functional organization of the brain, and discuss a possible alternative to restingstate in the movie watching paradigm. This will include a review on the potential improvements
in sensitivity to abnormalities of connectivity provided by the movie paradigm, and its utility as
1
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a clinical tool. Specifically, the second part of this thesis will address whether movie watching
results in reduced intersubject variability of functional brain organization when compared to
resting-state fMRI.

1.2

Functional Magnetic Resonance Imaging

Magnetic resonance imaging (MRI) allows researchers and clinicians to obtain high resolution images of soft tissue without exposing an individual to ionizing radiation. The human
body is made up primarily of fat and water, which contain hydrogen atoms, and MRI makes
use of the nuclear magnetic resonance signal from hydrogen nuclei. When a strong magnetic
field is applied, the net magnetization of the protons will precess about the direction of the
applied magnetic field at a specific frequency, known as the Larmor frequency [2]. The Larmor frequency is dependent on the gyromagnetic ratio of the particle as well as the strength of
the applied magnetic field [2]. Additional smaller magnetic field gradients are also applied in
orthogonal directions which change the Larmor frequency of protons as a function of their position in the space of the scanner, allowing for specificity in determining the locations of signal
origin [3]. By applying a radio frequency pulse at the Larmor frequency of a particular region,
the net magnetization can be rotated away from the direction of the applied magnetic field [4].
While the net magnetization is directed away from the direction of the applied magnetic field,
the protons emit radio frequency energy that is recorded [5]. The emitted radio frequency energy is strongest when magnetization vectors of smaller regions are in phase with one another.
However, over time the vectors dephase because of molecular interactions and magnetic field
inhomogeneities, and the net magnetization vectors return to the direction of the applied magnetic field [6]. The dephasing of magnetization vectors and restoration to the applied magnetic
field are known as relaxation processes [6]. T1 relaxation, known as spin-lattice relaxation, is
the process by which the net magnetization returns to its equilibrium value in the direction of
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the applied magnetic field [6]. T2 relaxation, known as spin-spin relaxation, is the dephasing of
magnetization vectors because of differences in Larmor frequencies [6]. T2 relaxation can be
caused by molecular interactions or inhomogeneities in the magnetic field, and the combined
effect of the possible T2 types is known as the T2* relaxation [7]. The signal obtained in MRI
is based on the length of these relaxation times, in that longer relaxations result in stronger signals. Because of this, contrast can be achieved by taking advantage of differences in relaxation
times between different tissue types.
Functional MRI is a powerful technique that provides an indirect measure of neuronal activity through a blood oxygenation level-dependent (BOLD) contrast. The BOLD contrast is
based on the concept that neural activity in the brain causes increased metabolic demand, resulting in a vasodilation of the vessels that supply oxygen to the active region [8]. However, the
blood flow into the region significantly overshoots the oxygen metabolism requirements, leading to an increase in the ratio of oxygenated blood (i.e. oxyhemoglobin) to deoxygenated blood
(i.e. deoxyhemoglobin) [8]. Because deoxyhemoglobin is strongly paramagnetic, it causes distortions in the magnetic field which contribute to a faster T2* relaxation time [9]. Therefore,
when the vessels in a region contain a higher ratio of oxyhemoglobin - which is only weakly
diamagnetic – to deoxyhemoglobin, the T2* relaxation time increases leading to a larger signal
emission from that region [9]. Through studies performed on sensory cortices of lower mammals, it has been shown that the BOLD signal is highly correlated with the underlying local
field potential [10, 11]. The local field potential is primarily composed of the summation of
the inhibitory and excitatory postsynaptic potentials and therefore represents input signal to a
brain region rather than output [2]. The coupling of local field potentials with the BOLD signal
is the basis of its use as a proxy measure of neural activity.
A typical high-resolution anatomical MRI scan with a voxel size of less than 1mm isotropic
can take approximately 5-10 minutes to acquire. In functional imaging, the images must be acquired at a much faster time scale to accurately capture the fluctuating activity occurring in
response to a task paradigm or at rest. To achieve this, an acquisition mode known as echo pla-
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nar imaging (EPI) is typically used which implements rapid magnetic field gradient changes
to acquire the entire image with one radio frequency pulse [12]. While this allows for a sampling rate between 1-3 seconds, it comes at the cost of spatial resolution. Typical anatomical
MRI scans are acquired at a voxel size of 0.5mm3 , whereas functional scans are typically acquired at a voxel size of 2mm3 , meaning the voxel size of the functional scans is larger than the
anatomical scans by a factor of 64. Beyond diminished spatial resolution, EPI faces challenges
at higher magnetic field strengths. Susceptibility differences, which lead to magnetic field inhomogeneities, are proportional to the strength of the magnetic field [13]. This means that as
magnetic field strengths get higher, signal loss and geometric distortions in T2* weighted imaging can become particularly pronounced [13]. Ultra-high magnetic fields strengths also shorten
the length of T2* relaxation which can result in signal loss when using traditional imaging techniques [13]. To compensate for this, parallel imaging techniques can be used to mitigate the
effects of shortened T2* and accelerate acquisition [13]. Nonetheless, fMRI provides localization of functional activity in humans at a much higher spatial resolution than that which can
be achieved using noninvasive electrophysiological methods such as electroencephalography
(EEG).
Although this brief overview is an oversimplification of the physics underlying MRI and
the biological underpinnings of the BOLD signal, an understanding of the basic concepts of
the technique is important for appreciating the interpretations that can be made from results
of fMRI studies such as the one presented in this thesis. There are a variety of limitations
and possible confounding effects involved in the acquisition of the BOLD signal, however it
remains one of the most popular measurement tools in the field of neuroscience.
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1.3.1

5

Resting State
Introduction

The resting state is traditionally described as a condition in which there is no imposed stimulus
on the experimental subject. In most studies utilizing the resting-state paradigm, the subject
is told to simply lay in the scanner and think about nothing in particular. In the first three
years of fMRI, studies focused solely on isolating activity patterns in response to stimuli from
task-based experimental designs. These studies typically made use of mass univariate statistical methods to attribute functionality to localized regions by looking at task-dependent signal
changes [14]. Signals beyond those related to the task paradigm were labeled simply as noise
and not given any consideration in the analysis stage. This assumed that the only meaningful
signal that could be observed was that which was measured in response to the participant’s
engagement in a task. However, in 1995 a seminal study from Bharat Biswal and colleagues
observed that during the rest portions of his motor experiment, homologous sensorimotor regions in opposite contralateral hemispheres showed correlated low frequency activity. This
demonstrated for the first time that meaningful conclusions could be found in signal from regions which were not being explicitly targeted with a task [15]. Biswal observed that during
the rest portions of his motor experiment, homologous sensorimotor regions in opposite contralateral hemispheres showed correlated low frequency activity. Although the strength of the
correlation in brain activity was not as strong as was seen in the motor task, the observation of
structured activity during rest between two regions at all was surprising. This study suggested
that, even when not engaged in an active task, the brain maintained coordinated neural activity
between regions with related functionality. Although the neuroscience community was slow
to accept this idea into mainstream thought, it was echoing ideas that had been discussed for
decades [16].
Physiologists as far back as 1914 have hypothesized the existence of meaningful endogenous neural activity, including Thomas Graham Brown who believed that a large part of the
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brain’s function was intrinsic and involved the acquisition and maintenance of information to
develop an accurate understanding of the external environment [16, 17]. However, because
Biswal’s findings came when fMRI was only a few years old, the BOLD signal was not yet
well characterized so the neuroscience community was cautious to label the result as functionally relevant rather than as a product of noise in the data [18]. Much of the work within the
first years after [15] was devoted to determining whether the low-frequency fluctuations were
neurally driven, or were noise. Biswal followed up his original study with one demonstrating
that the effects were diminished under hypercapnia conditions and returned to normal upon reestablishment of regular air breathing [19]. He also demonstrated that the effects were present
when using a direct measure of blood flow, which can be done with arterial spin labelling [20].
What finally caught the attention of the broader community was the PET study from Marcus
Raichle and colleagues which demonstrated that there was a group of interacting brain regions
that become more active when the subject was not performing a task [21]. Following up on
Raichle’s findings, Michael Greicius and colleagues showed that the regions which had been
found to activate during rest also demonstrated high correlations with each other in restingstate fMRI [22]. Together these studies helped establish resting-state fMRI as a functionally
relevant paradigm and allowed it to gain acceptance in the field of neuroscience.

1.3.2

Functional Connectivity

Once it was established that the low-frequency correlation findings of Biswal did have functional relevance, the field of resting-state fMRI took off. The study of those correlational
relationships is now referred to as the study of whole-brain functional connectivity, and a number of different analysis techniques have been proposed to capture these relationships. The two
most popular techniques are seed-based analysis, and independent component analysis (ICA).
Seed-based analysis involves the selection of a region of interest (ROI), which could be a single
voxel, or a group of functionally similar voxels averaged together, and calculating the Pearson
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correlation between that ROI’s time series and the time series of every other voxel/region in
the brain. This provides a spatial map showing the strength of connectivity between that ROI
and the rest of the brain (Figure 1.1).

Figure 1.1: Example functional connectivity map with seed placed in ventral medial prefrontal
cortex

This analysis can be performed for every voxel or region in the brain to generate a functional connectivity matrix which shows the strength of correlation between every pair of ROIs
(Figure 1.2). While this method is relatively simple, it can be computationally demanding, and
the results can be difficult to interpret. Another popular approach is ICA, a method that separates the data into a set of additive components based on maximal statistical independence. In
resting-state fMRI data, ICA can identify spatial networks comprised of weighted sets of voxels that share a common network time series [23]. Although this technique is more efficient and
makes results easier to interpret, it generally results in the same conclusions as the seed-based
analysis when examining a group of healthy subjects [24].
Today, it is understood that the brain has intrinsic patterns of connectivity which are consistently observable across multiple task conditions as well as in the resting state [25]. These
patterns of connectivity form networks which have been named for hypothesized functional re-
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Figure 1.2: Example functional connectivity matrix. The x and y axes are identical and show
the indices of regions being analyzed. The colour bar on the right of the figure shows the
strength of correlation between any two regions.

sponsibility based on activation studies. The canonical networks, which can be seen in Figure
1.3, include the default mode, the visual, the somatomotor, the language, the ventral attention,
the dorsal attention, and the frontoparietal networks. Typically, these networks are described
as either task-negative networks, which appear to be more active at rest, or task-positive networks, which are more active when an individual is engaged in a task [26]. In functional
connectivity analyses, these changes in activation manifest themselves through increases in
correlation strength between pairs of ROIs within the network during the task [27, 28]. Although the strength of the connections may be altered by condition-specific demands, the to-
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pography of the network structures is commonly shown to be fairly stable in both rest and task
states [29, 30], suggesting that the network structure is driven at least in part by a physiological
process rather than by cognitive function alone.

Figure 1.3: Canonical Resting-State Networks: A - Default Mode Network, B - Somatomotor
Network, C - Visual Network, D - Language Network, E - Dorsal Attention Network, F Ventral Attention Network, G - Frontoparietal Control Network. [25]
The consistency of network structure in the resting-state paradigm may contribute to the
efficient and reliable estimates of group functional connectivity. It has generally been found
that, in healthy subjects, the group connectivity estimates in resting-state fMRI stabilize after
approximately 5-7 minutes of scan time [31]. The effects of spurious connections can be further
reduced by performing longer scans; however the benefits of increases in scan length beyond
the 10-minute mark have been shown to be relatively minor [32]. Investigations into the effects
of scan length on group connectivity estimates have found that the longer the duration of the
scan, the more the connectivity estimates mirror the anatomical connections between regions
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[33]. This suggests that the most stable connections in group estimates may exist because of
a dependence on common anatomical connectivity. The consistency of these networks has
led many researchers to use functional connectivity as a stable trait-like measure, with studies
linking it to individual differences in behavioural or cognitive measures [34].
Despite the stability of mean functional connectivity estimates at the group level, the variability around the mean may be high, and may differ across the brain. The spatial distribution of
individual variability in functional connectivity has been explored in the resting-state paradigm.
In a study of 25 healthy subjects, Mueller and colleagues obtained five six-minute resting-state
scans across six months to estimate variability of functional connectivity across subjects while
controlling for within-subject variability. They observed that the highest levels of intersubject
variability occurred in heteromodal association cortex, and the lowest levels of variability occurred in unimodal primary sensory cortex [35]. The authors suggest three explanations for
their findings. They believe that the differences in variability may be explained by the prolonged maturation of association cortex, which shows the most pronounced post-natal cortical
expansion [36], involving extended exposure to extrinsic and variable experiences during a
time of high neuroplasticity [37]. Following this, their second rationale is that the structure of
cortical areas with protracted maturation is less susceptible to genetic influences, allowing for
a greater environmental influence [38]. Finally, they argue that synaptic overproduction, which
is highest in prefrontal cortex and lowest in primary sensory regions [39], may allow for greater
freedom in activity and environment dependent synaptic pruning during development. However, the authors do not comment on the effects that divergent cognitive states during scanning
may have on functional connectivity estimates.
There is evidence to suggest that functional connectivity estimates can be altered with
changing cognitive state and cognitive demands [40, 41]. Indeed the study of psycholphysiological interactions in task-based fMRI studies have shown for two decades that altered cognitive states have focal effects on certain connections depending on the task paradigm [42, 43].
Recent work has argued that functional connectivity contains both stable trait-like aspects as
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well as more transient aspects which can be attributed to an individual’s cognitive state and environment. In a 2015 study, Geerligs and colleagues demonstrated that the degree of similarity
of functional connectivity across a group of subjects was higher in a sensorimotor task than
at rest, suggesting that individual task paradigms may restrict the variety of cognitive states
being sampled [44]. The concept of free-flowing cognition during resting-state scanning has
been explored by calculating dynamic functional connectivity (dFC). In dFC, functional connectivity is analyzed on the scale of seconds to minutes in an attempt to capture changes in
connectivity over time, which may reflect various cognitive states that individuals move into
and out of over the scan duration. Despite controversial opinions surrounding the technique,
dFC studies using resting-state fMRI data have shown that distinct and repeatable patterns of
functional connectivity emerge which differ from the average connectivity observed over long
time scales [45]. DFC has suggested that networks that were previously believed to be stable
may actually demonstrate flexibility and modularity on shorter time scales.
To investigate how changing cognitive states may drive individual differences in functional
connectivity architecture, previous work has probed the self-generated thoughts of individuals
during resting-state scanning through questionnaires [46, 47]. These studies have shown that
general patterns of thought were related to changes in an individual’s functional architecture.
For example, individuals who reported more imagery in their thoughts during the scan showed
larger low-frequency fluctuations (a measure of resting-state activity) in the perigenual cingulate cortex, an area linked to the default mode network [47]. Another study demonstrated a
positive correlation between proportion of visual thought and strength of functional connectivity in medial visual and occipital visual areas [48]. Although it has not been well established
how uncontrolled cognitive states affect functional connectivity, it is important to be aware of
the impact that free thought may have on estimates of functional connectivity.
Although general patterns of functional connectivity have been demonstrated in group
resting-state studies with long scan durations, recent work has challenged the idea of a rigid
functional architecture. Dynamic functional connectivity and task-based functional connec-
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tivity studies suggest that the brain’s functional networks are more flexible than previously
thought, and that the structure of these networks change based on an individual’s cognitive
state and external environment.

1.3.3

Applications

Beyond the use of resting-state fMRI as a research tool, it has also been investigated for potential clinical applications, with the majority of work focusing on its use as a biomarker. In
any clinical application, the resting-state paradigm has significant advantages over task-based
paradigms. Some tasks can be difficult for clinical and pediatric patients to perform properly,
so the resting-state paradigm allows us to work around the confounds that a complex task can
introduce by requiring no action at all [49]. Task-based fMRI is also only designed to activate
a small subset of regions while the resting-state paradigm allows for a global sampling of brain
activity, reducing the scan time needed when information about multiple networks is required
[25].
Because of its stability over long scanning times, many believe that functional connectivity
could be used as a biomarker [50]. Biomarkers are measurable physiological indicators of a
disease state, that provide objective diagnostic and prognostic criteria. The earliest successful investigations into clinical differences in functional connectivity focused on Alzheimer’s
disease; such studies have repeatedly demonstrated reduced connectivity in the default-mode
network. This finding appears valid as the default-mode network is linked to episodic memory
retrieval, and Alzheimer’s disease is associated with disrupted episodic memory [51]. In studies
of functional connectivity differences in depression, increased connectivity in the default-mode
network (DMN) has been observed as well as reduced connectivity in the salience network,
which is linked to monitoring and generating autonomic responses to salient stimuli [52, 53].
These findings suggest that non-invasive fMRI may be able to detect indications of disease earlier than traditional diagnostic techniques. Less success has been had in other disorders such
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as schizophrenia and ADHD, but the study of these clinical differences is still fairly new, with
novel methods of analysis constantly emerging which could prove beneficial for identification
of meaningful differences. Although the early success in this domain has been promising, the
resting-state paradigm may not be ideal for detecting biomarkers related to functional connectivity. The reasons for this are discussed in the next section.

1.3.4

Limitations

Despite the promise of the resting-state paradigm, its use as a distinct state to be studied has
been criticized. Because of the unconstrained nature of the paradigm, there is skepticism surrounding the conclusions that can be drawn from studying the resting state. The first major
criticism, which was outlined in a review by Morcom and Fletcher, is that the resting-state
may not represent a baseline cognitive or physiological state as many researchers claim [1]. A
popular belief among resting-state researchers is that it involves an individual’s transition to
a ”default mode” with most regional activity representing a baseline level that has developed
through a habitual recurrence of this state [21]. Morcom and Fletcher argue that the resting
state should have no such status, particularly in relation to cognition, because the processes
engaged at rest are largely unknown. If the cognitive processes occurring at rest are not clear
than it is difficult to know which regions are truly in a baseline state and which are being
recruited for some unobservable ‘task’. Investigations which have probed mind-wandering
content during resting-state scans through self-report surveys have shown that there may be
multiple dimensions of cognitive processing that can occur during a scan [54]. However, it has
been shown that the oxygen extraction fraction (OEF), a measure of the ratio between oxygen delivery and consumption, is roughly uniform across the brain at rest [21]. Morcom and
Fletcher acknowledge that this may indicate a form a physiological baseline but question its
relevance to investigations of cognition.
The opinions of Morcom and Fletcher [1] largely concern the use of resting-state in studies
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related to cognition. They accept that the paradigm may have applications in methodological
development and may potentially be of diagnostic or prognostic value. However, the paradigm
still faces challenges in these contexts for three reasons. The first reason concerns the previously mentioned domains of cognition which may occur when an individual is at rest. Because
individual differences in these processes have been shown to affect estimates of functional connectivity, the variability of mind-wandering during the scan may introduce clinically irrelevant
variability to estimates. One would expect that clinical differences in functional connectivity
would remain constant while differences in content of mind-wandering would be dynamic and
reduce the sensitivity to true differences (which might be identifiable in a more constrained
state).
The second reason concerns the tendency for individuals to fall asleep during the scan. The
absence of explicit task demands and external stimulus, beyond earplug-dampened MRI scanner noise, leads to a monotonous environment which promotes fatigue and can lead to large
and variable changes in wakefulness of the subject [55]. Research using combined EEG-fMRI
have assessed wakefulness during scanning and the effects of varying levels of wakefulness on
functional connectivity. One previous study found that over 50% of individuals fell asleep during the scan, and that significant differences in functional connectivity could be observed based
on the sleep stage observed [56]. This introduces a major limitation for the establishment of
FC abnormalities as biomarkers, as the differences observed may be caused by variable states
of arousal. This is particularly concerning in relation to disorders which cause changes in alertness and wakefulness, such as Parkinson’s disease and multiple sclerosis [57]. The influence
of differences in arousal may lead to false positives or false negatives of FC abnormality, introducing unreliability and reducing its efficacy as a diagnostic tool. It has even been suggested
that the failure of functional connectivity as a clinical tool may be explained by heterogeneous
brain states associated with fluctuating wakefulness [56].
The final important concern with the resting-state paradigm is related to head motion during
the scan. In task-based studies, head motion is less of an issue because the motion is generally
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not related to the experimental paradigm, so its effects can be suppressed through averaging
over many trials. However, the lack of an experimental paradigm in resting-state fMRI makes
it much more difficult to separate the effects of motion from the underlying neural activity. The
main effects of head motion are corrected using realignment of the volumes, however this does
not correct secondary effects such as partial voluming, interpolation effects, magnetic field
inhomogeneities, and spin-history effects [58]. These secondary effects can lead to spurious
temporal correlations between brain regions even after volume realignment [59, 60]. To account for these secondary effects, participant head motion can be modelled, with the modelled
responses used as regressors within the framework of a GLM [58]. However, the most effective
methods for modelling and regressing motion typically result in large reductions in temporal
degrees of freedom or inadvertent regression of neural signal components [61].
While the resting-state paradigm has proven beneficial for studying the functional architecture of the brain, it faces several limitations that may be hindering the development of functional connectivity as a clinical tool. If the issues of variable cognition, arousal, and head
motion during scanning could be addressed, then functional connectivity may prove to be a
sensitive diagnostic measure in the future.

1.4
1.4.1

Naturalistic Stimulation
Introduction

Naturalistic stimulation is a term used to describe paradigms attempting to mimic what individuals experience in a natural environment, which demands the integration of continuous
streams of dynamic information [62]. Stimuli used in this context can include audiobooks,
video games, and virtual reality, however the most commonly used stimulus in fMRI studies
is a shortened movie or television show. This is because real-world behavior involves multiple
sensory inputs that must be integrated in real-time, which can be partially recreated through
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the presentation of an audiovisual stimulus such as a movie. By mimicking the natural environment, researchers can study brain function with enhanced ecological validity, allowing new
questions to be asked and answered. Naturalistic stimuli also impose a behavioural constraint
that, in theory, reduces the cognitive variability of individuals during scanning to create a more
reproducible method of studying brain function across healthy and clinical groups [63]. Early
electrophysiological studies into movie watching as an experimental paradigm demonstrated
enhanced reliability of neuronal activity in the visual cortex within subjects over multiple sessions [64, 65]. These studies were followed by research validating this reliability in fMRI,
where BOLD activity in early visual cortex was significantly correlated across multiple presentations of the same movie [66]. This reliability in early visual cortex was found both when
the movie was played in the regular temporal direction, as well as when it was played in reverse. The BOLD signal was much less reliable in higher order areas, such as superior temporal
sulcus, the frontal eye field, and the precuneus, when the movie was played in reverse, suggesting a sensitivity to the semantic and narrative aspects of the movie. Although this paradigm
appears to be relatively unconstrained, and the stimuli are complex, the reliability of neural responses within subjects across multiple presentations of the same stimulus has been validated
in the literature [67].
Beyond the reliability of neural responses to naturalistic stimuli across multiple scanning
sessions, researchers have found that neural activity is also reliably similar across subjects.
Studies investigating the effects of naturalistic stimuli have found that the fMRI time courses of
activity are moderately to strongly correlated in homologous regions across a group of subjects
[68, 69, 70]. The similarity of activity across subjects is typically quantified using a measure
known as inter-subject correlation (ISC). To obtain the ISC, the average pairwise correlation
between all subjects’ fMRI time series in homologous regions is computed. One of the major
benefits of this measure is that it can be used to locate activation patterns in a task without a priori knowledge of the temporal characteristics that contribute to that activation. For this reason,
it has been proposed as an optimal analysis method for experiments involving complex stimuli,
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where the parametric form of the stimulus in not known [71]. Although a high ISC does not
necessarily imply a strong activation to a task, it has been shown that statistical spatial maps
found through ISC analysis are highly similar to those found in stimulus model-based GLM
analysis for simpler tasks [71]. One study showed that in a series of different tasks (auditory
naming, external ordering, hand imitation, oculomotor, and verb generation), Pearson correlations between the Z-statistics of GLM and the ISC ranged from 0.69 to 0.83. A visualization
of the overlap in the hand imitation task can be seen in Figure 1.4.

Figure 1.4: Thresholded Z-statistics of GLM and ISC (FDR corrected, q=0.001) for hand
imitation task. Widespread overlap of statistically significant foci can be seen, suggesting that
ISC analysis extracts similar results to traditional model-based GLM analysis. [71]
In studies investigating the movie watching condition, the highest values of ISC have generally been found in visual, auditory, and frontoparietal cortex [67, 69]. However, the topography
of these patterns is dependent on the movie stimulus chosen. Previous studies have shown that
widespread ISC is found for highly engaging movies, and that relative measures of engagement
during the movie are related to the strength of synchronization across participants, particularly
in frontal and parietal regions [69]. In movies with no narrative content or where scenes have
been scrambled to remove a coherent plot, moderate ISC is typically only found in primary and
association auditory and visual cortex. As would be expected, no significant ISC is found in
the rest condition because there is no common stimulus to synchronize activity across subjects.
More recently, researchers have started to investigate the effects of naturalistic stimuli on
functional connectivity. As stated earlier, functional connectivity is quite stable in rest and
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task conditions at long time scales, and the same is true for watching a movie. One study
comparing three eight-minute fMRI conditions found that the group functional connectivity
topography was similar while subjects were at rest, while they watched a movie clip (Ocean’s
11), and while they watched a non-narrative video stimulus (Inscapes, [72]) [73]. This study
also found that the spatial patterns of intersubject variability in coupling strength were similar
in all conditions. Similar to what was found by Mueller and colleagues [35] in their study of
resting-state inter-subject variability, the areas with the lowest variability across subjects were
in primary sensory and motor areas, while the highest was found in heteromodal association
cortex.
Because of this similarity across the movie and rest conditions, a new measure was proposed in an attempt to isolate the stimulus driven components of functional connectivity when
watching a movie. Inter-subject functional connectivity (ISFC) is a measure that combines
ISC and FC by investigating inter-regional and inter-subject connectivity. ISFC uses the BOLD
time series of a seed region in one subject’s brain and looks at its correlation with the timeseries
of every other region of another subject’s brain [74]. The BOLD time series of each voxel is
modelled as the sum of three components; a stimulus driven signal, and intrinsic signal, and a
noise signal. Using this model the signal that is time-locked to the stimulus across subjects can
be isolated, whereas traditional FC would capture all three signal components. Studies utilizing this measure have been able to identify static and dynamic alterations of brain connectivity
in response to naturalistic stimuli, including distinctions between intrinsically and extrinsically
focused networks, and alterations in the correlational structure of the DMN [74, 75]. Although
the complex nature of naturalistic stimuli can make traditional forms of analysis more difficult,
it creates opportunities to pose interesting questions and may provide additional benefits over
traditional stimuli, as will be discussed in the next section.
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Benefits

Proven Benefits

Although the use of naturalistic stimuli is still relatively new, several benefits of its use have
already been conclusively demonstrated. These advantages are typically shown in comparison
with the resting state paradigm as both are conditions with unknown temporal parameters. The
first major benefit is the degree of head motion that occurs during movie watching compared
to rest. Head motion is a significant issue when scanning children or individuals with certain
psychological or neurological disorders [72]. Multiple studies have shown that head motion
is reduced in movie watching conditions compared to rest, particularly in younger children
[72, 76]. Because head motion is typically the result of restlessness in the scanner, it naturally
follows that an engaging external stimulus would reduce restlessness and consequently head
motion. This reduction in head motion is also seen in other task conditions as well [77]. With
the previously mentioned artifactual effects that can be caused by head motion, it is important
to choose a paradigm that limits its occurrence, and naturalistic stimuli appear to be a good
option.
Another benefit that is seen with the use of naturalistic stimuli over rest is improved participant wakefulness. Falling asleep during scanning is of particular concern for geriatric patients,
individuals taking sedative medications, and sleep-deprived participants [72]. As mentioned
above, the monotony of the scanner environment in the resting-state paradigm can lead to
changes in wakefulness throughout the scan. By providing participants with an audiovisual
stimulus, particularly one which is engaging like a movie, self-reported measures of sleep are
reduced [72, 73]. Once again, this is also true in active conditions which rarely encounter
issues with sleep [78]. Because the movie increases alertness during scanning and can hold
attention, it also facilitates much longer scanning times, as studies obtaining 55-minute scans
or multiple 10-minute scans in one session have been conducted. [79, 80].
Finally, the naturalistic stimulation paradigm has also been shown to result in improvements
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of test-retest reliability when compared to the resting-state condition. Because there is no common stimulus in the rest condition, there is no test-retest reliability of the BOLD signal, so
differences are generally quantified in terms of functional connectivity. Studies comparing the
two conditions have consistently shown that within-subject reliability of connectivity measures
is significantly higher in the movie watching than rest condition, with one study suggesting improvements of almost 50% across a variety of functional connectivity measures [63]. This improved reliability has also been quantified through improved accuracies of test-retest matching
algorithms to identify individual subjects with movie watching scans [73]. These improvements in reliability have important implications for use of functional connectivity measures in
a clinical setting, particularly for individualized care. More consistent measures of functional
connectivity across multiple scanning sessions increases sensitivity to changes when looking
for diagnostic criteria or at the progression of a disease. If more sources of variability impact
the measure than it is more difficult to separate clinically related changes from other sources of
variability.
The quantifiable differences stated above are important for methodological purposes, as
they each support improved validity of results in studies using naturalistic stimuli. However,
there are additional hypothesized benefits, not as easily quantifiable, which will be discussed
in the next section.

Hypothesized Benefits
Beyond the quantitatively demonstrated benefits of naturalistic stimuli, researchers have identified additional potential benefits. The major hypothesized advantage of a naturalistic stimulus,
particularly a movie, over the resting-state condition is a synchronization of the cognitive states
of individuals during the scan. While this is difficult to prove conclusively, it is reasonable to
assume that neurotypical individuals will react similarly to the anticipation, excitement, and
surprise which is inherent to the storyline of an engaging movie. In theory, this would result in
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neural activity that is time locked to the movie stimulus and a similar functional architecture
across subjects.
Naturalistic stimuli may represent a category of paradigm which reduces sources of spurious within-subject variability in functional connectivity to make similar subjects look more
alike, while also eliciting reliable and meaningful idiosyncratic responses (also see [81]). These
elicited differences could represent clinically relevant responses, increasing sensitivity of these
paradigms to abnormal brain function.
Previous work comparing individuals with autism to neurotypical groups have indeed shown
that the BOLD activity profiles of autistic participants are more variable than those of healthy
participants when watching movies involving social interaction [82, 83]. The diversity of movie
experiences may also allow for targeted investigations of specific traits of interest in certain
groups. For example, an emotionally salient movie might be able to draw out meaningful
idiosyncrasies in individuals with depression or anxiety disorders.
Naturalistic stimuli offer opportunities to probe individual and group differences in a variety
of functional metrics. The lack of studies making use of naturalistic stimuli suggests that we
still have much to learn about the potential translational applications of these paradigms.

1.5

Research Question

Less variable normative estimates of functional connectivity are necessary to develop adequately sensitive tests for use in a clinical setting. While intersubject variability of functional
connectivity in the resting-state condition has been previously investigated, no comprehensive
comparative analyses on resting-state and naturalistic stimuli have been performed. Here, I ask
whether naturalistic stimulation, particularly movie watching, results in less variable estimates
of functional connectivity in a healthy cohort. We believe that the behavioural constraints imposed by movie watching will result in less variable estimates of global functional connectivity
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across both subjects and scanning sessions. The implication of this finding would be a potentially improved sensitivity to abnormalities in functional connectivity. The data used to resolve
this question are described in the following section.

1.6

Human Connectome Project

Rapid methodological and technological advancements in imaging over the past decade, coupled with advocacy for sharing data, has spurred the creation of large, high-quality, and public
brain imaging datasets. Many are based on young healthy subjects, as these individuals are typically less variable and easy to recruit, making these datasets ideal for methodological studies.
The data used in this thesis have come from an NIH-funded collaboration between the University of Minnesota and Washington University, called the Human Connectome Project [84].
The goal of the project was to improve the characterization of brain function and connectivity
(i.e. the connectome) in a population of 1200 young healthy adults, with efforts made to incorporate ethnic and racial diversity. This section will briefly discuss the Human Connectome
Project data in terms of acquisition protocols, preprocessing pipelines, and parcellation tools.
The Human Connectome Project seeks to comprehensively describe connectivity between
areas of grey matter and a variety of complementary MRI methods are employed to achieve this
goal. In four hours of total imaging time, T1-weighted (T1w) and T2-weighted (T2w) structural images, BOLD functional images, and diffusion-weighted images were acquired. The
diffusion-weighted acquisition will not be discussed here as the data are not used in this thesis.
Both T1w and T2w images were acquired to allow for mapping of the myelin content in vivo
using the ratio of the two contrasts [85]. These myelin maps are important for assessing development and aging in healthy humans and serve as useful tools for quality control because of
the visibility of processing errors in the final results [86, 87]. T2w images were also acquired
because of their superior accuracy over a T1w image in identifying the pial surface, as it has
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similar intensity to the dura and blood vessels in a T1w image [88]. The Human Connectome
Project group was interested in performing surface-based analysis on the neocortex, so optimal
contrasts and high-resolution images are essential for generating high quality surface-based reconstructions. To that end, the structural images were acquired at an isotropic spatial resolution
of 0.7mm, less than half of the average minimum thickness of the cortex (1.6mm) [86]. This
emphasis on resolution is also true, both spatially and temporally, of the fMRI data acquired
by the Human Connectome Project. Using a 7-tesla scanner, fMRI data were acquired at a spatial resolution of 1.6mm isotropic, less than the average thickness of the cortex (2.6mm) [86].
Using cutting-edge accelerated imaging protocols, volumes were acquired once per second
which allows better artifact removal, statistical efficiency, and identification of faster components of the BOLD response [89, 90]. When compared to typical neuroimaging studies, where
traditionally a 1-mm isotropic T1w scan and fMRI data with resolutions as low as 4mm and
repetition times of 2-3 seconds are acquired, the advantages of the raw data quality are clear.
The preprocessing of acquired images in the Human Connectome Project is extensive
and thoroughly described in several locations [86, 88, 91, 92]. Here, I will detail the major aspects of the pipeline and highlight notable features. Preprocessing starts by correcting
intensity inhomogeneities in the T1w and T2w images, aligning both structural images together, and registering the aligned structural images to MNI space. Once the images are in
MNI space, subcortical volumes are segmented into predefined structures, and Freesurfer’s
[93, 94, 95, 96, 97, 98, 99, 100, 101, 102, 103] surface reconstruction is applied, registering
the surface to Freesurfer’s fsaverage atlas [104]. Following the reconstruction, the surface is
resampled onto the Human Connectome Project’s symmetric fs LR [105] atlas which contains
a predefined number of surface vertices, allowing vertex to vertex comparisons across subjects.
The fs LR atlas is also symmetric, so a vertex on one hemisphere is homologous to a vertex on
the opposing hemisphere, allowing easier cross-hemispheric comparisons. In the preprocessing of fMRI data, the Human Connectome Project group chose to implement non-aggressive
strategies which would remove artefacts without removing potentially useful information. The
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purpose of this approach was to retain as much neural signal as possible and give researchers
the flexibility to implement any further preprocessing steps they believe are necessary. The
spatial preprocessing of their “minimal preprocessing pipeline” involves a correction for spatial distortions caused by gradient nonlinearities, registration of volumes to a reference image
to correct for head motion, registration of aligned volumes to the T1w structural image, a
global intensity normalization, and finally a mapping onto the cortical surface produced by
Freesurfer. The temporal preprocessing begins with the application of a weak high-pass filter
with a cutoff at 0.0005 Hz and a slow rolloff of the power below that point. In addition, a
technique developed in part by the Human Connectome Project team involves an ICA-based
automated denoising approach, which separates the data into a series of spatiotemporal components which can be identified as having neural or non-neural origins. The components labelled
as non-neural are regressed out of the data to remove their effects. This technique has been
shown to be effective for removing the influence of scanner, residual motion, and physiological
artefacts, and can be adjusted to be aggressive or conservative in its labelling of neural and
non-neural components.
One of the major developments to have come from the Human Connectome Project dataset
is the creation of the Glasser parcellation [106]. Using the multi-modal data acquired through
the project, features of resting-state functional connectivity, task-based fMRI, myelin content,
and cytoarchitecture were used to develop a population-based 180-area per hemisphere parcellation. The parcellation was developed using a semi-automated approach with input from
neuroanatomists to identify robust and statistically separable cortical areas. While any parcellation scheme can be argued as an oversimplification of brain function, the Glasser atlas has
implemented one of the most comprehensive delineations of cortical boundaries of any atlas to
date (Figure 1.5). The atlas was created based on the an independent and separate 3T dataset
from the subjects being used in this thesis, so we are confident that the parcellation is as reliable
and robust as any other atlas currently being used.
The high-quality data, robust preprocessing approach, and innovative neuroimaging tools
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Figure 1.5: Glasser parcellation. Colouring scheme represents tendency for a region to respond
to a particular task. [106]

offered by the Human Connectome Project make it an ideal dataset to test methodological
questions. Following the identification of this reliable dataset, the next section will outline the
objective of this thesis and the theories to be tested with the Human Connectome Project data.

1.7

Thesis Objective

The Human Connectome Project dataset allows us to quantify variability across multiple scanning sessions as well as across a large sample of subjects. We are interested in quantifying the
differences in intersubject variability of functional connectivity between the resting-state and
naturalistic stimulation conditions, while removing components of variability due to subject
effects and noise. The method used to quantify variability in each condition is based on modelling the total observed variance into three components; a condition component representing
connectivity that is similar across subjects in a particular scanning condition, an idiosyncratic
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component representing connectivity that is different across subjects but consistent within a
subject across multiple scanning sessions in the same condition (the subject effect), and a noise
component representing connectivity that differs within a subject across multiple scanning sessions in the same condition. This concept is based on previous work which modelled the BOLD
signal as the sum of a stimulus-driven signal, an intrinsic signal, and a noise signal [74].

Figure 1.6: Hypothesized distribution of model components in the resting-state and movie
watching conditions. Increases in the common component of functional connectivity in the
movie condition should be accompanied by reductions in the idiosyncratic and noise components.
The hypothesized distribution of explained variance in each condition is visualized in Figure 1.6. We believe that the time-locked stimulus in the movie will cause functional connectivity to be more similar across subjects, thereby increasing the proportion of variance explained
by the condition component. This increase in the condition component will be accompanied
by reductions in the noise and idiosyncratic components.
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Chapter 2
Individual Variability of Functional
Connectivity in Resting-State and Movie
Watching fMRI Paradigms
2.1

Introduction

For over two decades, functional magnetic resonance imaging (fMRI) research has attempted to
characterize the interregional relationships of the human brain. The existence of temporal correlations between the low-frequency (0.001 – 0.1 Hz) spontaneous hemodynamic fluctuations
of functionally congruent brain areas was first discovered by Biswal and colleagues in 1995
[1] and is now well established in the functional-imaging literature. These correlations have
been primarily studied in the resting-state condition, when no direct stimulus is applied to the
subject. A variety of analytical methods for studying functional connectivity (FC) have been
implemented with resting-state fMRI data, establishing that the network structures at the group
level are quite robust [2, 3]. When studied at long time scales, the group-level whole-brain FC
architecture is consistent across multiple task paradigms as well [4]. However, recent restingstate fMRI studies have suggested that connection strengths can vary across the duration of
the scan [5], between sessions [6], and between different cognitive states [7, 8]. For decades
the study of psychophysiological interactions in task-based fMRI studies have indicated that altered cognitive states have focal effects on certain connections based on the task paradigm used
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[9, 10]. Because cognitive states are unconstrained in the resting state, they may vary across
individuals and cause increased variability in estimates of FC. This has recently been explored
in relation to global FC, where similarity of FC matrices across participants have been shown
to be higher in task-based paradigms than in resting-state fMRI [8, 11]. The increased individual variability in the resting-state condition may reduce the sensitivity of coupling measures to
group differences, an important consideration when studying clinical populations.
Resting-state FC has been extensively investigated as a clinical measure and is widely believed to be a potential biomarker for diseases such as Alzheimer’s [12], depression [13], and
schizophrenia [14]. The promise of resting-state FC as a diagnostic tool relies on it identifying
abnormalities in the connectivity structure that also have a relationship with clinical features.
Ideally, when studying the correlational structure of a group of healthy controls, one would
like to suppress idiosyncratic differences within the group to obtain an estimate of healthy FC
that is less variable. Reduced variability in the connectivity estimates would allow for greater
sensitivity to abnormal connectivity, as the disease-specific differences would not be lost in
general idiosyncratic variability.
Although the resting-state paradigm has produced valuable insights into the FC architecture, it has been criticized due to its lack of control over the cognitive states of individuals
during scanning [15, 16]. This makes the interpretation of any conclusions, beyond those related to physiology, mostly speculative. However, a new paradigm has emerged that makes
use of naturalistic stimuli – movies or audiobooks - in an attempt to synchronize the cognitive
states of individuals throughout the duration of the scan [17, 18]. In these paradigms, a group
of participants watching the same movie or listening to the same story appears to engage brain
regions responsible for higher order cognitive functions as well as primary sensory areas, resulting in stereotyped time courses of activity that are time-locked to the stimulus [19]. Studies
investigating the effects of naturalistic stimuli typically find that these time courses of activity
are strongly correlated in homologous regions across a group of subjects. The highest values
of this inter-subject correlation (ISC) in studies involving movie watching have generally been
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found in visual, auditory, and frontoparietal cortex [18, 19]. This would be expected as the
audiovisual stimulus aligns activity in the visual and auditory regions, and the higher-order
cognitive demands of the movie, such as anticipation and suspense, align activity in frontoparietal regions [19]. Naturalistic stimuli provide researchers with an opportunity to study
whole brain activity in a more ecologically valid way, providing a middle ground between fully
unconstrained cognition at rest and narrowly focused cognition during traditional task-based
paradigms.
With the newly released 7T resting-state and movie stimulation data from the Human Connectome Project [20], we have a unique opportunity to study the connectivity architecture in
both conditions, as well as compare the inter-individual variability that each condition evokes.
The Human Connectome Project is an NIH funded collaboration between the University of
Minnesota and Washington University, which aims to characterize brain connectivity and function in a large group of healthy adults. The public data set provides four 15-minute scanning
sessions of each participant for each condition with exceptional spatial and temporal resolution
in image acquisitions and a validated preprocessing approach.
The BOLD signal underlying FC has previously been modelled as a summation of a stimulusdriven signal, an idiosyncratic neural signal, and a non-neural signal [21]. In this model, the
stimulus-driven signal is common across all subjects, while the idiosyncratic and non-neural
components vary across subjects. This model has been used in naturalistic paradigm studies to extract the stimulus-driven components of connectivity that are directly influenced by
the movie [22]. We aim to model FC in a similar manner here, by exploiting multiple sessions in each condition. Because we have a stimulus-free resting-state condition, we model
the stimulus-driven component simply as a condition-based contribution to FC variance, representing connectivity which is consistent across subjects in a particular condition. Additionally, we include an idiosyncratic subject-specific contribution, representing connectivity that is
consistent within a subject across sessions but differs between subjects in a condition, and a
contribution that is inconsistent across both sessions and subjects, which we label as noise.
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In the current study, we aim to quantify the contributions to variance from the components
of our model in both resting-state and movie-watching conditions. We hypothesize that the
idiosyncratic contribution to variance will be reduced in auditory, visual, and frontoparietal
cortices in the movie condition when compared to rest, because of the time-locked nature of
movie. In the second part of the study, we compute the ISC values in the movie condition to
characterize BOLD signal synchronization across subjects. Because ISC suggests synchronous
cognitive states across people, we should observe high ISC values in areas with less variable
connectivity values – in other words, in areas in which the idiosyncratic subject effects are
smaller in the movie, compared to rest.
To our knowledge, only one previous study has attempted to quantify and directly compare
the inter-individual variability of FC in movie-watching and resting-state fMRI paradigms in a
group of healthy subjects [23]. The study involved the acquisition of one run in a resting state,
one run presenting a non-verbal and non-social abstract video clip, and one run presenting a
clip from the film Ocean’s 11, with each lasting 7 minutes and 20 seconds. The researchers
quantified intersubject variability by regressing split-half correlations of FC measures within
subjects from subject-wise correlations of FC within a condition and using the residuals as a
measure of true inter-individual variability. The researchers found that the spatial distribution
of intersubject variability in both the rest and movie conditions were similar, and was consistent with what had previously been found in resting-state alone [24]. They also found that the
magnitude of intersubject variability was similar across conditions. However, the study has
crucial limitations that may impede its ability to identify differences between conditions. Primarily, the study only acquired one scan per condition for each subject, making it difficult to
accurately assess intrasubject variability. The authors chose to examine split-half correlations
to estimate intrasubject variability, but this results in only 3 minutes and 40 seconds of data
being used to estimate FC for each half. It has been shown that 5-7 minutes of fMRI data
is required to achieve reliable individual connectivity estimates [25]. Our study includes four
15-minute scans per condition for each subject, allowing for a reliable assessment of intrasub-
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ject variability across multiple scanning sessions. The use of multiple scans also provides a
more accurate depiction of the components of FC that are consistently similar across subjects
over repeated measures. Additionally, our sample size of 79 subjects is much larger than the
previous study which only boasted a cohort of 31 subjects. Finally, we extend our discussion
beyond the previous work by investigating the relationship between intersubject FC variability
differences across conditions and the ISC observed in the movie condition.

2.2
2.2.1

Methods
Human Connectome Project Data

Minimally preprocessed data from 79 subjects were obtained from the Washington UniversityUniversity of Minnesota Consortium of the Human Connectome Project [26] (38 M/41 F, Age
22-36), with each subject providing four resting-state runs and four movie-watching runs, each
15 minutes long. All fMRI data were collected in four scanning sessions over two days using
a Siemens Magnetom 7T MR scanner (SC72 gradient coil 70–100 mT/m, multiband factor of
5, echo time = 22 ms, repetition time = 1 s, 1.6 mm isotropic voxel size) [27, 28]. Restingstate scans were acquired at the beginning of each scanning session. In these, participants
were instructed to fixate on a projected bright cross-hair on a dark background. Following
the resting-state run in the first and fourth scanning sessions, participants were shown one
run of four concatenated independently produced movie clips, ranging from 64 to 244 seconds
separated by 20 seconds of rest. This was followed by one run of three concatenated Hollywood
movie clips ranging from 227 to 259 seconds separated by 20 seconds of rest. The movie clips
were different across the four runs and may drive cognition differently over time, however each
of the four movie stimuli ended with an identical short clip (83 seconds) for validation across
scans. The HCP minimal preprocessing pipeline has been described elsewhere and should be
referred to for extended details about their preprocessing approach [29].
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Global Functional Connectivity

An anatomical parcellation based on multimodal data [30], in the same stereotaxic space as the
normalized individual data (fs LR, [31]) was applied to identify 180 regions of interest (ROI)
per hemisphere in the cerebral cortex. Subcortical structures and cerebellum were excluded
from this analysis.
We began by computing FC measures in each run of each condition for each participant. To
obtain this, the time series of all vertices contained in a given parcel were averaged to obtain
a single mean time series for each ROI. A correlation matrix was obtained for each subject in
each run in both conditions - eight matrices per subject - by computing the temporal correlation
(Pearson r) between each pair of ROI time series, providing 64,620 unique correlation values
per matrix. To assess differences in connectivity structure between conditions, we computed a
group-averaged connectivity matrix for each condition. To make the distribution of FC values
more normal before group averaging, the correlation values were converted to z scores using the
Fisher r-to-z transformation and then averaged across subjects and runs within each condition.
The final group correlation matrices were obtained by converting the Fisher z scores back into
Pearson r values, resulting in one group matrix per condition.
With estimates of FC for each subject, we proceeded to examine the sample variance of FC
for each node (i.e. each unique ROI pair) in the matrix. This resulted in a second matrix of
correlation variance values for each condition providing a overall measure of how variable FC
estimates were across subjects.

2.2.3

Variance Contributions

Once FC values were obtained for each run of each condition in all subjects, we proceeded to
estimate the contributions to variance. The method for computing the contributions to variance
is illustrated in Figure 2.1. We model the explained variance of FC as the combination of a con-
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dition component, an idiosyncratic subject-specific component, and variance that is explained
by neither case, which we label as noise. Using the FC matrices computed in the previous
section, we can use the columns of the matrix as correlational maps for each ROI, indexing the
correlation values between it and every other ROI in the parcellation (1 x 360 vector). These
maps serve as a fingerprint of how one region connects with every other region in the brain in
a particular session for a particular subject. These will be referred to as “connectivity fingerprints”. To quantify the similarity of an ROI’s connectivity across subjects, we computed the
pairwise correlation of an ROI’s connectivity fingerprint between all unique pairs of subjects
and averaged the pairwise correlations to obtain one measure of similarity (rcond ) per condition.
In a similar manner, the reliability of connectivity fingerprints across sessions was quantified
by computing the pairwise correlation of an ROI’s connectivity fingerprint across all four sessions within a subject in a condition and averaging the pairwise correlations of all subjects
within a condition to obtain a measure of reliability (rsess ) per condition.

Figure 2.1: Schematic depicting the analysis method use to calculate the three contributions to
variance in our model. Beginning with functional connectivity matrices for each subject’s four
sessions, average subject and session similarity measures are obtained and used to compute
final estimates.
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In our model of variance contributions, we denote the complement of rsess as a measure of
noise. This is because the proportion of connectivity which is unreliable across sessions of a
condition cannot be attributed to intersubject or inter-condition differences. The complement of
rcond is believed to represent a combination of this noise as well as idiosyncratic subject-specific
variability. To isolate the proportion of idiosyncratic variability within a condition, we take
the difference between the complements of rsess and rcond . Finally, the proportion of condition
variability, representing connectivity that is similar across subjects within a condition, is simply
rcond .

2.2.4

Inter-Subject Correlation

As in previous studies, ISC values were obtained by extracting the time series for ROIs across
all subjects, computing the Pearson correlation between the time series in homologous regions
across all unique pairs of subjects, and averaging all pairwise correlations to obtain one value
per ROI [17, 32]. This procedure was performed both at the parcel level as well as the voxel
level to ensure the parcellation accurately captured the level of synchronization of BOLD activity across subjects. A subject-wise bootstrapping approach was performed to create a null
distribution allowing statistical thresholding of the ISC results [33].

2.2.5

Statistical Testing

Glasser and colleagues have organized the 360 parcels of their atlas into 22 larger regions based
on geographic proximity and functional similarity (Figure 2.2A) [30]. Based on previous movie
stimulation studies showing strong ISC in frontal, auditory, and visual regions, we identified
10 of these regions as most likely to demonstrate differences in FC variance between the rest
and movie conditions. These regions are detailed in Table 2.1 and visualized in Figure 2.2B.
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Table 2.1: List of important ROIs in larger Glasser regions seen in figure 2.2A. The ROIs were
grouped into areas representing visual auditory, and frontal cortex.
Grouping

Regions

Visual Areas

(1) – Primary Visual Cortex
(2) – Early Visual Cortex
(3) – Dorsal Stream Visual Cortex
(4) – Ventral Stream Visual Cortex
(5) – MT+ Complex

Auditory Areas

(10) – Early Auditory Cortex
(11) – Auditory Association Cortex

Frontal Areas

(19) – Anterior Cingulate and Medial Prefrontal Cortex
(21) – Inferior Frontal Cortex
(22) – Dorsolateral Prefrontal Cortex

To test for significant differences between conditions and variance contributions, two-way
repeated measures ANOVAs were conducted for each grouping. Because the idiosyncratic
variance contribution is a derived measure, there is only one degree of freedom for the variance
contribution factor. For this reason, the ANOVA only includes common and idiosyncratic
contributions as levels of the variance contribution factor. To test for differences in the noise
contribution, t-tests were conducted between conditions for each grouping.

2.3
2.3.1

Results
Global Functional Connectivity

FC matrices have been organized by functional similarity and geographic proximity for visualization purposes (Figure 2.3). At the group level, averaging across all four sessions for each
condition, the FC matrices for the resting-state and movie conditions were strongly correlated
with one another (r = 0.865). This aligns with previous work noting similar correlational struc-
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Figure 2.2: (A) 22 Groupings of parcels based on geographic proximity and functional similarity. (Adapted from Glasser et al. [30]), (B) Identification of frontal, auditory, and visual
regions likely to demonstrate differences between the resting-state and movie conditions
tures between rest and movie or task conditions [4, 8]. Both matrices show strong intra-network
connectivity and low inter-network connectivity. Connectivity strengths tended to be slightly
higher in the rest condition (mean = 0.231, SD = 0.161) than in the movie condition (mean =
0.196, SD = 0.162). The mean intersubject variance across all connections was slightly lower
in the movie condition (mean = 0.022, SD = 0.007) than the rest condition (mean = 0.027, SD
= 0.007) (figure 2.3B).

2.3.2

Contributions to Variance Differ Across Conditions

In our model, we estimate contributions from three different sources of variability, a condition
component, an idiosyncratic subject-specific component, and a noise component. For easier
interpretations of the results, we present difference maps indicating the areas where component
estimates were higher in the resting-state condition and areas where estimates were higher in
the movie condition (Figure 2.4). Regions with larger proportions of condition variability in
rest than movie were much more widespread, indicating that connectivity was more similar
across participants in the movie-watching condition than the resting-state condition for most
regions. These differences were largest in superior and inferior temporal cortex, areas known
to be involved in the processing of sensory input. These difference maps can be seen in the top
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Figure 2.3: (A) Functional connectivity matrices for the movie (left) and resting-state (right)
conditions. Connectivity in the movie condition appears to be more modular than that seen in
the rest condition. (B) Connectivity variability matrices for the movie (left) and resting-state
(right). These matrices demonstrate the magnitude of inter-subject variability at each individual
connection.
panel of Figure 2.4.
With widespread increased similarity of functional connectivity across participants in the
movie condition, one would expect to see an accompanying widespread reduction of idiosyncratic subject-specific variability. As can be observed in the middle panel of Figure 2.4, that
is indeed what was found. Regions with larger proportions of the idiosyncratic component of
variance in the resting-state than movie condition were more widespread. This indicates that
the movie condition showed reductions in reliably different connectivity across subjects (i.e.
reductions in intersubject variability) over multiple scanning sessions when compared to the
resting-state condition. Once again, the largest differences were observed in superior and infe-
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rior temporal cortex, with large reductions of idiosyncratic variability also observed in medial
prefrontal cortex.

Figure 2.4: Contrast maps displaying regions with unequal contributions to variance of functional connectivity across conditions. Top panel maps show idiosyncratic contribution, middle
panel maps show common contribution, and bottom panel maps show noise contribution. Maps
in left column show regions where that panel’s contribution is higher is the resting-state condition than in the movie condition, and maps in the right column show regions where that panel’s
contribution is higher in the movie condition than in the resting-state condition.

Differences in noise, representing the reliability of connectivity estimates, were more evenly
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balanced across conditions. The trends that can be observed in the bottom panel of Figure 2.4
are reductions of noise in motor and frontal areas in the resting-state condition compared to
the movie condition, with the largest difference found in medial prefrontal cortex. The movie
resulted in a lower noise component compared to rest in sensory areas, with the largest differences located in superior and inferior temporal cortex. These findings suggest that connectivity
in superior and inferior temporal cortex was observed as being more reliable in the movie condition, while connectivity in medial prefrontal cortex was observed as being more reliable in
the resting-state condition.
We hypothesized that differences between conditions would be pronounced in visual, auditory, and prefrontal regions. The results of our ANOVA indicate that there was a significant
interaction effect between the condition and the model component on the proportion of variance in visual regions, F(1,51) = 143.37, p <0.001, in auditory regions, F(1,29) = 48.86, p
<0.001, and in frontal regions, F(1,69) = 26.30, p <0.001. As can be seen in Figure 2.5 the
mean idiosyncratic variability was smaller in the movie condition compared to rest in each of
the three groupings, while the mean condition variability was larger in the movie condition in
each grouping.
Additionally, we performed paired t-tests to investigate the differences in our measure of
noise between the two conditions for each of the three groupings. The results indicated that
noise was significantly lower in the movie condition for visual cortex, t(69) = -6.579, p <.001,
and auditory cortex, t(29) = -5.4428, p <.001, but that there was no significant difference
between conditions in frontal cortex. Movies result in more reliable connectivity measures
across multiple scanning sessions for sensory regions.
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Figure 2.5: Mean functional connectivity contributions grouped into frontoparietal, visual, and
auditory cortex. All three areas demonstrate reductions in idiosyncratic functional connectivity.
Visual and auditory cortex also show reductions in noise.

2.3.3

Inter-Subject Correlation Overlaps with Differences in Idiosyncratic
Variance Between Conditions

ISC values were computed in both the resting-state and movie conditions. Results in the
resting-state condition revealed no significant ISC values, as expected [19]. The ISC results
in the movie condition can be seen in Figure 2.6. The strongest ISC values were observed in
auditory and visual cortex. This is consistent with previous studies of movie-watching fMRI,
which demonstrate strong ISC in similar regions, and aligns with what one would expect from
an audiovisual stimulus. The analysis also revealed ISC in some frontal regions.
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Figure 2.6: Mean ISC over four movie runs. Strongest values of ISC can be found in auditory
and visual cortex. Values have been thresholded.
We started by investigating the overlap between the ISC values and the idiosyncratic subjectspecific variability seen in the movie condition. This revealed a moderate negative correlation
(r = -0.419, p <.001), indicating that increased synchronization of BOLD activity across participants is related to reductions in idiosyncratic variability of connectivity during movie watching, as expected. We then examined the correlation between the ISC values and the differences
in idiosyncratic variability between conditions, revealing a moderate positive correlation (r =
0.504, p <.001), suggesting that increased synchronization of activity across participants is
related to larger differences in idiosyncratic subject-specific variability between conditions.
These two findings together imply that the degree of ISC observed in the movie condition is
related to the reduction in intersubject variability of functional connectivity.
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Discussion

In this study, we directly compared the intersubject variability of FC in movie watching and
resting-state conditions. By modelling intersubject variability in FC as an additive result
of condition variability, idiosyncratic subject-specific variability, and noise, we were able to
demonstrate that the movie condition results in widespread reductions in intersubject variability of connectivity compared to the rest condition. We also observed more reliable connectivity
in visual and auditory regions in the movie condition across multiple scanning sessions. Additionally, we observed a negative relationship between the strength of ISC in the movie condition and the intersubject variability of FC in the movie condition, suggesting synchronization
of BOLD activity across participants reflects less variable connectivity across participants, as
expected.
The results confirm our initial hypothesis that the movie watching condition results in a
widespread reduction in the proportion of idiosyncratic subject-specific variability when compared to the rest condition. One previous study comparing intersubject variability in FC in
both conditions found that movie watching resulted in similar magnitudes and a similar spatial distribution of variability as the rest condition [23]. Our analysis is likely more powerful
because our sample size is more than double that in [23], with repeated scans and much more
scanning time per condition. As a result, our analysis revealed large differences of intersubject
variability in visual and auditory regions as well as frontal regions, where variability in the
rest condition was higher than in the movie condition. Our findings align with the notion that a
more behaviourally constrained scanning paradigm results in less variable FC across the group.
This behavioural constraint may reduce variability in cognitive state, arousal, head motion, or
any combination of these factors, that have all been shown to affect functional connectivity
[34, 35]. In the case of naturalistic stimuli, because the movie synchronizes BOLD activity
across subjects in homologous regions, it follows that the correlations between those activity
profiles would also be synchronized across subjects.
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Reliability of functional connectivity across multiple scanning sessions as measured with
the noise component of our model was also higher in the movie condition than in the rest condition. Although resting-state FC measures have shown reliability that is moderate to good across
scanning sessions [36, 37], improvements in reliability would contribute to increased sensitivity and enhanced efficacy as a biomarker. Our findings here are consistent with previous work
investigating the test-retest reliability of FC metrics in naturalistic stimuli paradigms. In a previous study using the intraclass correlation coefficient, improvements in reliability of FC and
graph theory measures of up to 50% were shown across repeated viewings of the same movie
when compared to repeated resting-state scans [38]. As with intersubject variability, reliability
of FC has also been repeatedly shown to be improved in task conditions when compared to
rest, indicating that more behaviourally constrained states lead to lower variability both across
subjects and across scanning sessions [39, 40]. The improvements in reliability seen here are
restricted to auditory and visual regions, while frontal regions show no significant difference
between conditions in the noise component of the model. This may be attributable to different
movie clips being shown in each of the four runs, which could lead to differential connectivity
in higher order association regions while similarly engaging sensory regions.
Based on the idea that synchronization of BOLD activity across subjects in the movie condition results in lower variability of FC compared to rest, we wanted to investigate the overlap of the ISC map in the movie condition with the idiosyncratic subject-specific variability
map in the movie condition. Our results confirm that larger regional ISC values are related to
lower proportions of idiosyncratic variability in the movie condition as well as to reductions
in idiosyncratic variability in movie fMRI compared to rest. A movie’s synchronization effect
on the BOLD signal may therefore serve as a marker underlying the observed differences of
reduced intersubject variability of FC between conditions. The largest differences in idiosyncratic variability, as well as the largest ISC values, were found in the superior temporal cortex,
an area critical for hearing, speech processing, and language [41, 42, 43], each of which are
elements involved in the experience of movie watching. ISC maps have been shown to identify
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the same foci of activation as GLM analyses [44], so we infer that the time-locked activation
of the superior temporal cortex by the movie stimulus may be driving the reductions in variability of connectivity seen across subjects. However, it is evident that the ISC results cannot
completely explain these variability reductions, as large differences in idiosyncratic variability were found in the medial prefrontal cortex and inferior temporal cortex without significant
ISC. While these differences may suggest a lack of sensitivity of the ISC analysis, they may
also suggest that the reductions in variability of connectivity may not be solely caused by
elicited activation patterns from the movie stimulus. There could be downstream effects based
on synchronization of BOLD activity in areas connecting to a hub region such as the medial
prefrontal cortex, a component of the default network which is thought to be involved in global
information integration of conscious processing [45, 46].
The results of this study suggest that naturalistic stimuli, and particularly the movie watching condition, leads to less variable estimates of functional connectivity in a young healthy
group. Based on the promise of functional connectivity as a biomarker, the implication of this
finding is a potential improved sensitivity for the detection of abnormalities in clinical groups.
The reduction of clinically irrelevant idiosyncratic variability would, in theory, render clinically relevant changes more apparent. Based on the results in this study, future work is advised
in this area, as the results could lead to a translation of these measures to clinical use.

2.4.1

Limitations

A major limitation of this study is the lack of control over the stimuli used in the movie watching condition. The 15-minute movie stimuli employed in the Human Connectome Project made
use of short, 2-3 minute clips from independent and blockbuster movies, interleaved with 20
second rest periods. Previous studies have demonstrated the importance of engagement in the
stimuli for the observation of strong ISC values, particularly in higher order association areas.
We believe that longer and more engaging clips must be used to truly ascertain the degree to
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which the movie may reduce variability of FC across subjects. We also believe that repeated
presentations of the same clip may be warranted to assess improvements in reliability across
scanning sessions. Previous studies have shown that the impact of cognitive engagement on
reliability outweighs the potential impact of familiarity due to repeated viewings [38], so the
use of the same clip would allow for proper assessment of reliability based on the time-locked
nature of the stimulus. A post-hoc analysis comparing reliability the final clip of the movie
stimulus, which was the same in each run, to the first 83 seconds of the first clip, which was
different across runs, revealed significantly higher reliability in the final clip.
Another limitation relates to the order in which the scans were acquired. The resting-state
scans were acquired at the start of each session on four separate days. The movie watching
scans were acquired only on days one and four, and the second and fourth runs were acquired
after the first and third runs respectively. This poses a concern about differences in fatigue in
all of the movie scans because different runs of the movie were acquired at different points in
the sessions, and may influence our measure of noise. Issues of session differences are also a
concern because runs 2 and 3 of the rest condition were acquired on days when movie watching
scans were not acquired. To address these concerns as best as possible, we reanalyzed the data
from only runs 1 and 3 of the movie watching condition and runs 1 and 4 of the resting-state
condition. This ensured that the data we used were acquired at the same times and on the
same days. However, we found that all significant differences between conditions remained,
suggesting that fatigue and session differences were not a major source of variability in this
data set.
There is also evidence to suggest that the movie watching condition evokes a distinct network structure that is not the same as what is seen in the resting state [47]. Although our
results reveal similar global connectivity between the two conditions, we argue here that the
movie watching condition provides more stability in relation to functional connectivity estimates across conditions and may increase sensitivity to the detection of clinical abnormalities.
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Conclusion

In this study, we have demonstrated that a movie watching condition leads to widespread reductions in idiosyncratic variability in functional connectivity compared to the resting state conditions in a young healthy group. We confirm that these reductions are related to the strength
of ISC elicited by the movie condition, suggesting that the synchronization of BOLD activity across participants can serve as a marker of reduced variability in functional connectivity
across participants. Finally, we show that the movie watching condition leads to improvements
in reliability of functional connectivity estimates across multiple runs in visual and auditory
regions. These findings show that less variable normative estimates of functional connectivity can be obtained in the movie watching condition and may allow for greater sensitivity to
clinical abnormalities.
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Chapter 3
Conclusion
The purpose of this thesis was to explore the differences in intersubject variability of functional connectivity in resting-state and movie-watching fMRI. In chapter 1, I introduced both
paradigms and discussed the potential use of functional connectivity measures for clinical purposes, including as biomarkers. Because functional connectivity has been primarily explored in
the resting-state condition, I outlined potential disadvantages in resting-state which may be addressed by the movie-watching condition. Movies reduce head motion, improve wakefulness,
and may reduce variability in cognitive states across the group, all of which would decrease
clinically irrelevant sources of variability in measures of functional connectivity. However, a
comprehensive direct comparison of intersubject variability between the two fMRI paradigms
has yet to be performed.
In chapter 2, I attempted to address this gap in the literature by investigating intersubject
variability of functional connectivity in a healthy group in both a resting-state and moviewatching fMRI condition. By dividing variability into three components, we attempted to
isolate idiosyncratic subject-specific sources of variability, by controlling for the effects of
intrasubject variability and condition variability. The results demonstrated widespread reductions in idiosyncratic subject-specific variability in the movie-watching condition when compared to the resting-state condition. These differences in variability of functional connectivity
were significant in both sensory regions as well as frontal regions, responsible for higher-order
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functioning. Decreased intrasubject variability of functional connectivity was also observed in
sensory regions for the movie condition compared to rest, indicating that functional connectivity measures were more reliable across multiple scanning sessions during movie watching.
Finally, we observed that synchronization of BOLD activity across subjects was related to the
magnitude of differences that were observed in intersubject variability of functional connectivity between conditions. This indicates that the synchronizing effects that the movie has on
BOLD activity may also lead to a synchronization of functional connectivity across subjects.
Given the results of this study, we hope that naturalistic stimuli, in particular movie watching, are considered in future studies investigating clinical differences in functional connectivity. Up to this point, the resting-state paradigm has been the primary technique used to study
functional connectivity in both healthy and clinical groups. We believe that movie watching
offers improvements in data quality, through the reduction of head motion and improvements
in participant wakefulness, and enforces behavioural constraints for studying global functional
connectivity. These behavioural constraints appear to reduce idiosyncratic variability in similar
healthy subjects, which, in theory, would improve sensitivity to clinically relevant differences
in functional connectivity. Early work in our lab has already demonstrated that movie watching
can reveal functional connectivity differences in an epilepsy group. However future work must
validate these findings so that clinical translation of these measures can be accelerated.

Appendix A
Model
In this study we model functional connectivity as:
y = α + βj + js

(A.1)

where:
y = functional connectivity
α = connectivity that is common across the group
βj = connectivity that is idiosyncratic to subject j
 js = noise for subject j and session s
We assume that all components of the model are independent from one another.
The correlation coefficient is obtained through Equation A.2.
rX,Y =

cov(X, Y)
σX σY

(A.2)

where:
cov = covariance
σX = Standard deviation of X
σY = Standard deviation of Y
Here, X and Y are connectivity fingerprints (i.e. 359 element array where each value represents
the strength of connectivity between one region and every other region of the parcellation). In
this model, we assume that total variance in each correlation map for each subject or session is
the same, therefore:
σX = σY
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(A.3)
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making the equation for the correlation coefficient,

rX,Y =

cov(X, Y)
σ2T

(A.4)

where:

σ2 T = Total variance

The variance of the model components in Equation A.1 can be found through two correlations.
First, the α variance can be estimated based on a correlation between the connectivity fingerprints of two different subjects. Let X1 be the connectivity fingerprint for subject X in scanning
session 1, and let Y1 be the connectivity fingerprint for subject Y in scanning session 1.

rX1 ,Y1 =

covX1 , Y1
σ2T

rX1 ,Y1 =

cov(α + βX + X1 , α + βY + Y1 )
σ2T

rX1 ,Y1 =

1
∗ (var(α) + cov(α, βY ) + cov(α, Y1 ) + cov(βX , α) + cov(βX , βY )
σ2T
+ cov(βX , Y1 ) + cov(X1 , α) + cov(X1 , βY ) + cov(X1 , Y1 ))

rX1 ,Y1 =

var(α) + 0 + 0 + 0 + 0 + 0 + 0 + 0 + 0
σ2T

rX1 ,Y1 =

σ2α
σ2T

Because the model components are independent, and the covariance of independent variables
in 0, the correlation equation reduces to the variance of α over the total variance.
Second, the  variance can be estimated based on a correlation between connectivity fingerprints from the same subject in two different sessions. Let X1 be the connectivity fingerprint
for subject X in scanning session 1, and let X2 be the connectivity fingerprint for subject X in
scanning session 2.
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rX1 ,X2 =

cov(X1 , X2 )
σ2T

rX1 ,X2 =

cov(α + βX + X1 , α + βX + X2 )
σ2T

rX1 ,X2 =

rX1 ,X2 =

rX1 ,X2 =

1
∗ (var(α) + cov(α, βX ) + cov(α, X2 ) + cov(βX , α) + var(βX )
σ2T
+ cov(βX , X2 ) + cov(X1 , α) + cov(X1 , βX ) + cov(X1 , X2 ))
var(α) + var(βX ) + 0 + 0 + 0 + 0 + 0 + 0 + 0
σ2T
σ2α + σ2βX
σ2T

Because the total variance is simply the sum of variances from each component of the model,
we can take the complement of the result from the above correlation to obtain and estimate of
the variance.
1 − rX1 ,Y1 =

σ2α + σ2βX + σ2
σ2α + σ2βX + σ2

−

σ2α + σ2βX
σ2α + σ2βX + σ2

=

σ2
σ2
=
σ2α + σ2βX + σ2
σ2T

Finally, to obtain an estimate of the variance of β we find the difference between the complements of rX1 ,X2 and rX1 ,Y1 .

1 − rX1 ,X2

σ2
= 2
σT

1 − rX1 ,Y1 =

σ2β + σ2
σ2T

(1 − rX1 ,Y1 ) − (1 − rX1 ,X2 ) =

σ2β + σ2
σ2T

−

σ2β
σ2
=
σ2T
σ2T
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